This paper presents a new set of three-dimensional rotation invariant texture descriptors based on the well-known local binary patterns (LBP). In the approach proposed here, we extend an existing three-dimensional LBP based on the region growing algorithm using existing features developed exquisitely for two-dimensional LBPs (pixel intensities and differences). We have conducted experiments on a synthetic dataset of three-dimensional randomly rotated texture images in order to evaluate the discriminatory power and the rotation invariant properties of our descriptors as well as those of other two-dimensional and three-dimensional texture descriptors. Our results demonstrate the effectiveness of the extended LBPs and improvements against other state-of-the-art hand-crafted three-dimensional texture descriptors on this dataset. Furthermore, we prove that the extended LBPs can be used in medical datasets to discriminate between MR images of oxygenated and non-oxygenated brain tissues of newborn babies.
1. Introduction
Context
Texture analysis is a key topic in image processing and computer vision, playing an important role in medical and industrial applications. Texture is a fundamental property of physical objects that, when captured on image, may suffer from noise, illumination changes, occlusions, viewpoints or scale variations. Producing high discriminant descriptors invariant with respect to grey-scale changes as well as to rotation is essential in order to solve many real-world problems. With the advent of three-dimensional images, textures have become more complex and full of information leading to extremely interesting applications. Although two-dimensional texture analysis methods have become very powerful, in three-dimension, these approaches may result in the loss of important information with consequent non-optimal results. An appropriate characterisation of textures in three-dimensions is therefore crucial for the development of state-of-the-art systems as for cases such as the analysis of MR images (Kovalev et al., 2001) or modelling and recognition of 3D biomedical textures (Depeursinge et al., 2014; Majtner and Svoboda, 2014) . Among the most popular two-dimensional texture methods, the local binary patterns (LBP) have gained a great deal of attention in many applications and research studies in the last decade (Ahonen et al., 2006; Liu et al., 2012; Ojala et al., 2002; Sorensen et al., 2010) . In contrast, the three-dimensional implementations of local binary patterns are very few and often do not fully match the necessary requirements. Pietikäinen (2006, 2007b,a) introduce for the first time the concept of three-dimensional local binary pattern by proposing two novel approaches to analyse dynamic textures. The first method (VLBP) consists of stacking multiple classic LBP operators on top of each other forming a spiral whereas the second method (LBP − T OP) consists in placing three descriptors in an orthogonal fashion. Paulhac et al. (2008) propose a three-dimensional fully rotation invariant LBP descriptor based on a region growing algorithm and the so called uniform patterns. Fehr and Burkhardt (2008) attempted to classify 3D volume data exploiting the LBP method and the spherical harmonics (SH). In a similar way, Banerjee et al. (2013) propose a descriptor by exploiting the spherical harmonics but unlike Fehr and Burkhardt (2008) the rotation invariance is obtained without searching for the minimum correlation over all angles. Another interesting method is proposed by Liu et al. (2011) who developed a novel three-dimensional fully rotation invariant LBP based on unique rotation, reflection and translation invariant patterns. This method is based on the extraction in advance of all possible congruent patterns which are then clustered in order to identify all the unique shapes defining a texture. In addition to these papers, there is a considerable number of publications related to local binary patterns and the work we present here. Majtner and Svoboda (2014) present a comparison of 2D and 3D texture descriptors on biological data. The volume LBP V LBP and the LBP − T OP, as well as four variants of non-rotation invariant 3D LBP built from four Platonic solids frames are investigated in their paper. The results obtained in Majtner and Svoboda (2014) demonstrate good classification accuracy for all methods investigated in their paper on a dataset of fluorescence microscopy images. Surface descriptors are also becoming beneficial in many applications such as face-based recognition and multi-view stereo systems as well as 3D scanning and photometric data (Bayramoglu et al., 2013; Werghi et al., 2013 Werghi et al., , 2015a Biasotti et al., 2016) . Bayramoglu et al. (2013) propose oriented based local binary pattern descriptors to address the task of detecting facial action units in 3D face data. In a similar way, Werghi et al. (2013 Werghi et al. ( , 2015a ,b) present a novel approach for computing local binary pattern on triangular mesh manifolds addressing a face recognition problem on three-dimension scans instead of 3D depth images (Li et al., 2005; Huang et al., 2006; Huynh et al., 2012) . Also, Biasotti et al. (2016) present a remarkable comparative study of several different state-of-the-art methods for the classification of three-dimensional texture models.
In this paper our contribution is to propose a new set of threedimensional rotation invariant descriptors based on the local binary patterns. We make use of the concepts of intensity-based (CI and NI) and difference-based (RD) features proposed by Liu et al. (2012) in order to improve the existing three-dimensional LBP descriptors proposed by Paulhac et al. (2008) . We conduct extensive experiments on the proposed descriptor in order to compare their performance with existing state-of-the-art two-dimensional and three-dimensional methods. The dataset employed here is a set of three-dimensional synthetic images constructed by interpolation (Paulhac et al., 2009 ).
Local binary patterns
The local binary pattern (LBP), first introduced by Harwood et al. (1995) and Ojala et al. (1996) , is a method that encodes the local texture information in a binary fashion by simply sampling and weighting the neighbouring pixels. In their later work, Ojala et al. (2002) propose a circular and rotation invariant LBP composed of P equally spaced grey-scale pixels (g (R,P) ) arranged on a circle of radius R. These values g (R,P) try to replicate the local texture at some point of the image, therefore, their values depend upon the neighbouring pixels. In details, each pixel value g (R,P) is assigned a grey-scale value based on the bilinear interpolation of the four closest image pixels. Successively, the LBP pixels are sampled (threshold-ing process) and concatenated starting (arbitrarily) from the least significant g (R,P=0) to the most significant g (R,P−1) in order to form a binary number. The resulting value, also called LBP code, characterizes the local texture. Formally, the circular non-rotation invariant LBP is defined as:
where s(x) is the sampling (threshold) function over x. Ojala et al. (2002) also propose a method to achieve the rotation invariance which allows to obtain consistent results even with rotated images. This property is obtained by applying a simple
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Figure 1: Example of "uniform" and "nonuniform" geometrical representation of the circular LBP presented in (Ojala et al., 2002) . A "uniform" LBP is defined by two or fewer bitwise 0/1 transitions. The pattern on the left produces an LBP code of four whereas the pattern on the right is assigned the value nine.
circular bit-wise right shifts until the minimum possible binary value is reached:
where ROR(x, i) is the circular bit-wise right shifts operator and the superscript ri indicates the rotation invariance capability. In addition to the rotation invariant LBP, Ojala et al. (2002) have discovered that many LBP codes represent fundamental properties of textures as lines, end of lines, flat regions or edges. These particular codes share the same specific pattern, the number of spatial transitions (bitwise 0/1 changes of the LBP pixels after sampling) on the circular frame. This pattern, also called uniformity measure, is defined as:
where U(LBP R,P ) ≤ 2 is the definition of a "uniform" LBP and U(LBP R,P ) > 2 "non-uniform". Thus, Ojala et al. (2002) have proposed a new descriptor LBP riu2 R,P that encodes the local texture information using only P + 1 values: Figure 1 shows an example of "uniform" LBP (left) that produces a code of four whereas the "nonuniform" LBP (right) is assigned the value P + 1. Liu et al. (2012) present a new set of improved LBP descriptors exploiting two types of features (pixel intensities and differences). The first intensity-based LBP proposed by Liu et al. (2012) is the CI − LBP which encodes the local contrast information using the mean of the whole image:
Extended local binary patterns
where µ r is the grey scale mean of the whole image. The second intensity-based feature proposed in Liu et al. (2012) is the NI − LBP riu2 R,P . It encodes the texture by sampling the neighbouring pixels at the mean of the interpolated pixels.
where µ = 1 P P−1 p=0 g (R,p) . This descriptor has many merits such as the increased encoding capacity and the robustness. It is able to preserve weak edges, to discriminate between different homogeneous regions and it is less affected by the noise in the images compared to the classic LBP riu2 R,P . Finally, the differencebased descriptor proposed in Liu et al. (2012) is the RD − LBP riu2 R,P . In this descriptor the radial difference between two circular patterns with different radius is computed.
where ∆ Rad δ = g (R,p) − g (R−δ,p) and δ is an integer defining the radial displacement between the external circle and the internal circle. For instance, RD − LBP riu2 3,24,1 computes the radial difference between an LBP with R = 3 and P = 24 and another LBP with R = 2 and P = 24.
1.4. Three-dimensional local binary patterns Paulhac et al. (2008) propose a three-dimensional rotation invariant local binary pattern exploiting the concept of "uniform" LBP without passing through a binary representation of the voxels composing the LBP frame. The choice of developing a rotation invariant descriptor was inevitable due to the intractable number of possible unique codes a spherical LBP can have. In two dimensions, a non-rotation invariant LBP with P = 8 has 2 8 possible resulting codes. In three dimensions, this number increases dramatically. The descriptor is composed of a series of concentric circles at different heights forming a sphere. As with the classic circular LBP, this three-dimensional descriptor is defined as:
where P = (S − 1) · P + 2 defines the number of voxels on the spherical frame, S defines the number of circles, P defines the number of equally spaced voxels per circle and V is the threshold that determines if the LBP is "uniform" or not. Their method cleverly searches for the uniform conglomerates on the surface of the sphere without passing from a binary representation of the texture. A region growing algorithm groups similar binary voxels to form regions. If the number of regions is less than or equal to V, the LBP is defined as "uniform" otherwise it is defined as "nonuniform". Furthermore, they have decided to increase the number of regions V from two to three due to the small number of "uniform" LBP produced. Nevertheless, due to the relaxed constraint (V = 3), some local binary patterns can have the same code despite the different texture. Figure 2 shows two different textures having the same LBP code.
2. Our proposed three-dimensional descriptors 2.1. Uniform spherical structure An optimal rotation invariant LBP should have the same identical geometrical structure under all points of view. Such a geometry on a sphere is hard to obtain, however, there are structures that accomplish our requirements. A geodesic grid (Kenner, 2003 ) is a technique that subdivides a sphere in uniform flat polygonal faces starting from one of the Platonic solids as the icosahedron or the dodecahedron. One simple technique that increases the number of faces and vertexes by maintaining the same characteristic of the original solid consists in bisecting each face of the icosahedron and projecting the resulting intersection points. The number of vertexes are clearly limited to specific values as 12, 42, 162 or even 252. Intermediate number of points can be obtained using truncated versions in which their surface is composed of multiple different flat regular polygons created by cutting off the vertices of the solid. As an example, by cutting off all the edges of an icosahedron one can raise the number of vertexes from 12 to 60. Successively, by applying the method described above it is possible to create a new geodesic sphere with 92 vertexes known as geodesic truncated icosahedron.
Choosing the optimal number of vertexes for a LBP is not a trivial task because different factors are involved as the type of texture, the size of the images and the computational power available. An LBP with many vertexes is able to capture all the details of the texture, however, it also captures the noise and it requires a great deal of computation. Instead, with too few vertexes the LBP fails to capture enough details, and hence to reproduce the local texture. Ojala et al. (2002) propose a set of local binary patterns with 8, 16 and 24 pixels which (following the framework proposed by Paulhac et al. (2008) ) correspond to 26, 114 and 266 voxels in three dimensions respectively. Therefore, in the remainder of this paper, we use geodesic spheres (derived from the icosahedron) with 42, 92 and 252 vertexes for our LBPs since these values are the closest options available in order to have comparable results.
Extended three-dimensional local binary patterns
Our three-dimensional rotation invariant local binary patterns are a combination of the existing intensity-based features, difference-based features (Liu et al., 2012) and the three-dimensional descriptor proposed by Paulhac et al. (2008) based on the region-growing algorithm.
Extending the circular local binary pattern developed by Ojala et al. (2002) from two to three dimensions by using the same approach is far from being a simple task. In the classic 2D non-rotation invariant LBP, the texture is simply encoded in a binary number by sampling a geometrical shape such as a circle and by weighting the resulting pixels. In three-dimensions, even if the sampling rate is comparable, the number of points/voxels involved increases dramatically leading us to cope with large integer numbers. Thus, the development of a rotation invariant descriptor is inevitable in three-dimensions due to the intractable number of possible combinations a non-rotation invariant descriptor has (2 42 , 2 92 , 2 252 ) (Paulhac et al., 2008) . After the sampling procedure of the 2D LBP, the rotation invariance is achieved by applying a circular bit shift. In three dimensions, this sequence of operation is hard to obtain, however, Paulhac et al. (2008) have proposed to bypass this problem by searching directly the uniform conglomerates on the surface of the sphere instead of encoding the texture. A region growing algorithm groups adjacent sampled voxels in order to form regions. If the number of regions is greater than V, the LBP is defined as "nonuniform" otherwise "uniform". This spherical LBP is intrinsically rotation invariant since the positions of the conglomerates w.r.t the sphere coordinate system does not affect the final result; only the number of regions and the sum of the active sampled voxels determines the LBP code. Liu et al. (2012) propose a novel set of highly discriminant features based on the LBP method. The combination of the intensity-based and difference-based descriptors proposed in their paper demonstrate superiority in all the experiments against the classic LBP and V AR operator proposed by Ojala et al. (2002) . The intensity-based feature NI − LBP, was primarily created to address the deficiencies of the pair LBP/V AR in distinguishing particular texture patterns and to increase the overall noise rejection rate. In their theoretical contribution, the NI − LBP is claimed to be more discriminant then the classic LBP due its higher discriminatory abilities for textures, however, it is important to note that the classic LBP in their experiments achieve better results than the single NI − LBP. The crucial point in the method proposed by Liu et al. (2012) is in the combination of non-redundant and complementary features as the joint combination of NI − LBP and RD − LBP descriptors. The combination of these two descriptors outperformed the pair LBP/V AR proposed by Ojala et al. (2002) significantly. Ultimately, producing highly discriminant, uncorrelated and complementary descriptors is the key to solve complex problems rather than employing a single method for the solution.
By combining the valuable approaches presented in (Liu et al., 2012) and Paulhac et al. (2008) we define the contrast information CI − LBP in three dimensions as:
RD−LBP riuVg 2,92,1 Figure 4 : Graphical representation of our extended three-dimensional local binary patterns.
where µ r is the grey scale mean of the whole image and g (0, 0, 0) is the grey scale of the central voxel. This descriptor aims to highlight intensity variations by considering the image as a whole.
In the same manner we define the three-dimensional intensity-based descriptor NI − LBP riuVg R,P as:
where µ =
is the grey scale mean of the interpolated neighbouring voxels, the superscript g indicates the use of a geodesic structure and P defines the number of voxels in the neighbourhood set. This descriptor takes advantage of the mean operator of the neighbouring voxels to maintain the intensity invariance, to mitigate the effects of intensity variations and therefore to improve the overall noise rejection rate. "LBP thresholding at the value of the central pixel g (0,0) tends to be sensitive to noise, particularly in near-uniform image regions, and smooths weak illumination gradients" (Liu et al., 2012) .
Analogously, we define the three-dimensional radial difference descriptor RD − LBP riuVg R,P as:
where
is an integer defining the radial displacement between the external sphere and the internal sphere and the superscript g indicates the use of a geodesic structure. For instance, RD − LBP riu3g 3,252,1
for brevity) computes the radial difference between a sphere of (R = 3, P = 252) and (R = 2, P = 252). Although this descriptor appears to be different from the LBP methodology we have seen so far, it becomes in fact equivalent to the LBP proposed by Paulhac et al. (2008) when the radial displacement δ approaches the radius of the sphere (RD − LBP riu3
). The response to texture variations of an RD− LBP whose inner sphere has a radius greater than one will be different from LBP descriptors with one single central voxel. The value of the descriptor RD − LBP varies as soon as a change in the texture approaches the outer sphere. This is different from LBPs such as the LBP riu3 R,P (Paulhac et al., 2008) whose value changes only if the central voxel varies. Figure 4 shows a representation of our extended local binary patterns at R = 2 and P = 92 in three-dimensions. Our proposed method: Joint combination of three extended 3D LBPs at (R,P') spatial resolution where the structure is a series of concentric circles at different heights.
Our proposed method: Joint combination of three extended 3D LBPs at (R,P) spatial resolution where the frame is a geodesic sphere.
Our proposed method: Concatenation of three extended 3D LBPs at (R,P) spatial resolution where the frame is a geodesic sphere. 
R,P (Liu et al., 2012) : Joint combination of three 2D rotation invariant extended LBPs.
Results and discussion
In this section, we evaluate the performance of our proposed descriptors by using a single and multiple spatial resolutions with different number of regions V. We perform classification tasks against state-of-the-art two-dimensional and threedimensional LBP descriptors on a dataset of synthetic textures in order to firstly demonstrate the utility of the third dimension and secondly to demonstrate the discriminatory power of our improved descriptors. The first descriptor considered here is the 2D joint LBP NI/RD/CI − LBP riu2 R,P proposed by Liu et al. (2012) which produce excellent results in classifying twodimensional datasets. The first 3D descriptors under consideration are the volume LBP V LBP u2 L,R,P , the V LBP riu2 L,R,P and the
proposed by Zhao and Pietikäinen (2007a) . The first 3D fully rotation invariant LBP employed here is the LBP riu3 R,P proposed by Paulhac et al. (2008) followed by a couple of variations of the 3D rLBP n R,P (Fehr and Burkhardt, 2008) based on the spherical harmonics and the kLBP ri3D R,P proposed by Banerjee et al. (2013) based as well on the spherical harmonics. Another interesting method we examine here is the 3D fully rotation invariant volumetric congruent LBP vcLBP R,P proposed by Liu et al. (2011) .
Dataset
The dataset employed here is a set of three-dimensional synthetic greyscale texture images constructed from twodimensional textures like Brodatz, fractal textures and etc. This dataset has been created by Paulhac et al. (2009) images constructed by using different synthesis methods such as interpolation, Fourier Transform, geometrical shape insertion and a combination of these methods. For each method, various manipulations have been applied as the rotation, addition of noise, sub-sampling and smoothing. The rotation has been randomly applied on the three axes. For all of our tests, we use the interpolated dataset (30 classes) composed of images of 64 × 64 × 64 voxels and in particular the rotated version in order to evaluate the rotation invariance property of our algorithm. Figure 5 shows some examples of 3D textures from the 30 texture classes composing the interpolated dataset (not rotated).
Comparing textures
Defining the local binary pattern structure and how to calculate the resulting LBP code are the first steps toward the comparison of two textures. We define here the term "converting an image" as the process that extracts an LBP code for each pixel in an image; the result is also an image where each pixel/voxel ranges from 0 to P − 1. Hence, a simple method to compare two textures consists in comparing the fixed size histograms derived from the converted images. In addition, joint combination and/or concatenation of histograms of different LBPs are proven to be effective (Liu et al. (2012) ).
Variable selection
An important task in the implementation of an algorithm is the selection of its coefficients. The number of voxels P on the LBP sphere is an aspect to consider, but it is not crucial. Too few points could lead to the loss of information, on the other hand, too many points increase the complexity and the length of the resulting histograms. of the parameters whose effects on the algorithm need to be considered.
• For the volume local binary pattern V LBP L,R,P , we decide to stack five 2D LBP composed of 16 voxels each by forming a spiral. The resulting descriptor is ended up being formed by 82 voxels.
• For the descriptor LBP − T OP R,P , we employ three classic 2D LBP u2
arranged orthogonally.
• Concerning the 3D descriptor kLBP ri3D R,P exploiting the spherical harmonics, the number of bands n, the number of bins and the range for each histogram must be selected. We choose the number of bands n equal to six as advised in Banerjee et al. (2013) whereas for the number of bins we perform several experiment to select the appropriate one. The results are shown in Table 2 where the number of bins refers to the concatenation of n + 1 variables. Regarding the radius and the sampling rate, Banerjee et al. (2013) state that "the increase in sampling rate, improves the spherical function approximation, which translates to improved discriminative ability of the descriptor". To verify this statement, we perform experiments at different spatial resolutions. The range of the n + 1 histograms has been empirically estimated.
• For the second descriptor based on the spherical harmonics rLBP n R,P (Fehr and Burkhardt, 2008) , we perform several experiments at different spatial resolutions and with two different spherical harmonics expansion bands, six (n = 6) and eleven (n = 11) to verify if increasing the SH resolution helps improving its discriminatory power. Experiments at the spatial resolution of (2,252) and (3,252) are not conducted due to numeric instability. Also here, for the number of bins we perform several experiments to select the appropriate one. The results are shown in Table 2 . The range of the histogram has been empirically estimated.
• Concerning the volumetric congruent vcLBP R,P (Liu et al., 2011) , the number of voxels forming the sphere and the radius must be selected. To implement this method, an eigendecomposition of a symmetric distance-preserving matrix is required to be performed for each pattern (2 P ) in order to identify all possible congruent geometries. Therefore, admitting a roughly constant amount of time to perform the eigendecomposition, with the increase of the number of voxels in the spherical frame the time required to pre-compute all the patterns increases exponentially becoming an intractable method for a regular desktop machine. This therefore makes us use a geodesic (octahedron) sphere composed of only 18 vertexes. Due to the small number of vertexes, we also decide to perform two distinct experiments using a radius of two (R = 2) and a radius of one (R = 1). In our implementation, after the clustering process, we identify 6'391 different groups of congruent shapes.
Evaluation method
We aim to compare the classification accuracies of our descriptors using 30 different texture classes where each class is composed of ten randomly rotated images. We convert the images in the dataset using the LBP algorithm, successively, we extract LBP histograms by considering the entire image. The K-nearest-neighbours (k = 1) classifier was used with the L1 metric to emphasize the discriminatory power of each descriptor. The resulting accuracy is an average over 100 runs where we randomly take four out of ten texture images in each class for training and the remaining six for testing. We have not performed any normalization of the features.
Experiment #1
The first experiment aims to compare the classification accuracies of our algorithm against state-of-the-art 2D and 3D descriptors ( Figure 6) . We compare the performance of our algorithm with those of the two-dimensional joint LBP NI/RD/CI − LBP riu2 as well as the 3D LBP − T OP 2,16 proposed by Zhao and Pietikäinen (2007a) . Moreover, we present the accuracies of different 3D kLBP ri3D algorithms proposed by Banerjee et al. (2013) as well as different rLBP n algorithms. We also present the results of the 3D volumetric congruent vcLBP 2,18 and Banerjee et al. (2013) and Fehr and Burkhardt (2008) at different spatial resolutions and number of bins in the final histogram. For the method rLBP n R,P (Fehr and Burkhardt, 2008) we also analyse the effect of two different number of bands in the spherical harmonics expansion, n = 6 and n = 11. , the three-dimensional texture images are converted slice by slice. Table 2 shows an extensive comparison of results at different spatial resolutions and number of bins for the two methods rLBP n and kLBP ri3D based on the spherical harmonics (Fehr and Burkhardt, 2008; Banerjee et al., 2013) . For these two methods, the number of bins in the resulting histograms plays an important role, instead, classic LBP methods are defined to provide fixed length feature vectors.
For the descriptor proposed by Banerjee et al. (2013) (kLBP ri3D ), an inaccurate selection of the number of bins could lead to a loss in the accuracy score up to 15 % whereas for the descriptor proposed by Fehr and Burkhardt (2008) (rLBP) up to even 40 % on this dataset. With a radius of two and three the descriptor kLBP ri3D produces very high scores of 94.8 % and 94.9 % at the spatial resolution of (2,252) and (3, 252) respectively. On the other hand, with a spherical radius of one ((1,42) and (1,92)), the method kLBP ri3D appears to be slightly less capable of capturing high significant textural details compared to larger radii. The spherical harmonics frequency components forming the resulting feature vector in this case are not discriminant enough for reasons that we are unable to explain and that goes behind the scope of this paper. In addition, it can be noted that the increase in sampling rate, for example from (2,42) to (2,252), slightly improves the results as stated in (Banerjee et al., 2013) but to the detriment of the execution speed. Table 4 shows how the execution time for the method kLBP ri3D increases dramatically with the increase of the sampling rate. The amount of time required to convert an image with the descriptor kLBP ri3D
x,42 is more than 20 times the amount required using the descriptor kLBP ri3D
, regardless the radius of the LBP sphere.
Regarding the descriptor proposed by Fehr and Burkhardt (2008) (rLBP n ), the results obtained are not as impressive as the scores produced by its counterpart kLBP ri3D but it still among the most discriminant method analysed in this paper. Opposite to the method kLBP ri3D , the descriptor rLBP n appears to be less affected by decreases in the score due to the radius but more conditioned by the number of voxels in the spherical frame. The increase in the sampling rate from (2,42) to (2,92) clearly improves the results, however, it also increases the instability of this method due to numeric approximations and operations on large numbers. Because of this issue, the results at the spatial resolution of (2,252) and (3,252) are not provided here. Focusing on the comparison of the descriptors with expansion bands n = 6 and n = 11, the latter produces a slightly better result of 85.5 % at the spatial resolution of (2,92) in contrast with the 83.4 % accuracy of the rLBP n=6 at the same resolution. Thus, the increase of the number of bands produces some improvements, but also in this case, to the detriment of the execution time. The time required to execute the descriptor with expansion band eleven (rLBP n=11 ) is seven times the amount required by the descriptor employing a number of bands equal to six (rLBP n=6 ). It is important to note that the wast majority of the delay introduced by this method is due to the size of the data to be converted from the frequency domain to time domain using the inverse Fourier transform (IFFT). Table 3 summarises the classification accuracies obtained in Table 2 and in addition with the results of our proposed joint method NI/RD/CI − LBP riu3g at different spatial resolutions. For the descriptor proposed by Banerjee et al. (2013) (kLBP ri3D ) it is interesting to note how the accuracy scores become constants from the spatial resolution (2,42) up to (3, 252) . On the other hand, our proposition NI/RD/CI − LBP riu3g produces relatively constant results from (1,42) to (2,252) with a peak at spatial resolution (1,92).
In addition to the extensive comparison presented so far on the descriptor proposed by Banerjee et al. (2013) , Fehr and Burkhardt (2008) , we present in Figure 6 an overall view of the accuracy scores of all methods examined. The first main fact to note in Figure 6 is the preeminence of the three-dimensional fully rotation invariant descriptors. These methods perform in general well on this dataset rather than twodimensional and partially rotation invariant descriptors. This behaviour is not a surprise since we aim to highlight the discriminatory power and the rotation invariant property of the descriptors using a dataset of randomly rotated textures. The only descriptors against the flow are the fully rotation invariant volumetric congruent 3D LBP vcLBP 1,18 and vcLBP 2,18 whose accuracies are as low as 52.4 % and 57.3 % respectively. The low sampling rate for this descriptor plays an important role on the final classification results whereas the proportion between sampling rate and radius does not. The choice of using such small number of voxels in the spherical frame is inevitable because of the computational costs of calculating all possible congruent patterns in advance. To mitigate this constraint, we decided to reduce the radius in order to adapt the proportion between radius and sampling rate. However, such a reduction of the radius has not improved the final result for vcLBP 1,18 .
The two-dimensional LBP NI/RD/CI − LBP riu2 ) and the rotation invariance capability along one direction only despite the fact that one can be considered a 3D LBP. These common characteristics bring the two descriptors extracting the same information from the texture, however, the 2D LBP NI/RD/CI − LBP riu2 2,16 produces better results due to the joint combination of three complementary descriptors.
The last LBP that presents a moderate score is the 3D
which combines three classic LBP in an orthogonal fashion. This descriptor reports 63.7 % accuracy similar to the 2D NI/RD/CI − LBP riu2 2,16 which as well is formed by a combination of three classic 2D LBP descriptors. Among the other three-dimensional fully rotation invariant descriptors, the LBP based on the region growing algorithm
LBP riu3
2,98 demonstrates a good 79.3 % accuracy similar to the results presented in their paper (Paulhac et al., 2008) .
The 3D fully rotation invariant method proposed by Banerjee et al. (2013) (kLBP ri3D ) produces an impressive result similar to our method, 94.9% at the spatial resolution (3,252) with a much smaller histogram of 700 elements in contrast with the 17672 bins histogram produced by our joint 3D proposition NI/RD/CI − LBP riu3g x,92 . Moreover, the increase in sampling rate for the method kLBP ri3D improves the classification accuracy as shown in Table 2 but with a significant increase in execution time.
The second 3D fully rotation invariant descriptor analysed here (Fehr and Burkhardt, 2008) with the number of bands equal to six rLBP n=6 2,92 also demonstrates a good 83.4 % accuracy using a histogram of 15000 bins. The attempt to improve the discriminatory power by increasing the spherical approximation from six to eleven (rLBP n=11 ) produces a slightly better score of 85.5 % accuracy of correct classified textures at the same spatial resolution but by employing a much smaller histogram of 3500 elements. Thus, for rLBP n=6 proposed by Fehr and Burkhardt (2008) , increasing the number of bands from six to eleven slightly improves the final classification accuracy however, also here, the execution time increases dramatically from 56 seconds to 377 seconds on our machine (Table 4) .
Focusing on the results of our proposed methods, the joint descriptor NI/RD/CI − LBP riu3 2,98 and the joint geodesic NI/RD/CI − LBP riu3g 1,92 produce interesting results of 91.0 % and 95.3 % accuracies respectively standing among the top stateof-the-art hand-crafted three-dimensional texture descriptors. The intensity-based features as well as the difference-based features successfully increase the performance of the simple 3D LBP riu3 2,98 proposed by Paulhac et al. (2008) by almost 12 % and the geodesic structure also contributes by a good 2 % on this dataset.
Besides the classification accuracies, we examine the execution times. Table 4 shows the time required to convert all the voxels of an image of 64 × 64 × 64. It is noted that, the time required to jointly combine or concatenate histograms is equivalent. The heart of the algorithms proposed here are coded in C and wrapped in Python. Each experiment is performed on a single thread of a quad core (hyper-threading) i7-4700MQ 2.4GHz 64 bits Intel processor. The number of points in the spherical frame is the main cause for a long execution time for our descriptors due to the numerous voxel interpolations and the region growing algorithm. A greater number of points involves a greater searching space for the agglomeration process. For the descriptor proposed by Fehr and Burkhardt (2008) (rLBP n ), increasing the spherical harmonic approximation is the major causes of a greater delay not because of the complexity involved but because of the increased number of samples involved in the inverse Fourier transform. On the other hand, the bottleneck for the descriptor proposed by Banerjee et al. (2013) (kLBP riu3D ) is in the computation of the frequency components norms which their computational cost depends upon the sampling rate. Ultimately, our descriptor NI/RD/CI − LBP riu3g 1,92 demonstrates one of the highest accuracy on this specific dataset and a short execution time in comparison with other methods.
Experiment #2
The second experiment aims to compare the performance of our descriptors at different spatial resolutions and with different number of regions V (Table 5) . Jointly combining individual local binary patterns has been proven to be effective (Ojala et al., 2002) , however, the time required to process joint histograms increases with the increase of the number of voxels in the neighbourhood. A simple concatenation produces shorter histograms that may be more beneficial in some applications. For this reason, we perform analysis on individual LBP as well as joint combinations (/) and concatenations (+).
The concatenation or the joint combination of descriptors produces higher classification scores than individual descriptors. The intensity-based descriptor NI − LBP is the most discriminant among the individual LBPs followed by the difference-based RD − LBP. Unexpectedly, the concatenation NI + RD at the spatial resolution of (1,92) produces the best scores of 95.7 % and 95.4 % with V = 3 and V = 4 respectively. This result is in contrast with the assumption that jointly combining LBP histograms produces better results as reported in Ojala et al. (2002) . Adding the contrast information CI to the NI/RD and the NI + RD descriptors has not improved the classification scores as for Liu et al. (2012) . This discrepancy may be attributable to the noise or to the characteristics of the dataset employed here. Increasing the number of regions V from three to four produces similar results with sporadic faint improved results in both sides. Therefore, according to the results, there is no evident benefit in using a larger number of regions V. Figure 7 shows the percentage of uniform patterns for the intensity-based descriptors NI − LBP and the difference-based RD − LBP with V = 3 and V = 4 for each class in the dataset. Due to its nature, the proportion of uniform pattern for the NI − LBP is overall greater than the RD − LBP. In both descriptors, a very low percentage in accuracy is reported in some classes mostly due to the type of the texture. For instance, the classes Life and Plasma are two vibrant textures that produce multiple regions on the LBP spheres and consequently more "nonuniform" LBPs. Increasing the radius clearly decreases the percentage of uniform patterns. A low percentage of uniform patterns could lead to misclassifications due to the scarcity of the information held by the histograms, however, this is not a general rule as we can see in Table 6 . The misclassification rates for the classes Plasma and Life are in line with the other scores whereas other classes such as Turbulence and Uwari have a high percentage of uniform patterns but with relatively high misclassification rates. At the spatial resolution of (3,252) (blue curves), the average percentage of uniform codes is considerably lower in comparison with the other resolutions due to the scale of the texture/motif. The size of the LBP compared to the scale of the texture is clearly an important factor. A very dense and vibrant texture can be better analysed using an LBP with a small radius rather than a large one. The general reduction of uniform pattern has the impact of decreasing the overall discriminability of the descriptor which is probably the reason of the decrease in the classification accuracies reported in Table 5 for the descriptors with radius three. Moreover, for this specific case, increasing the number of regions V results in a slightly greater percentage of uniform patterns but with no relevant improvements in the classification scores.
Experiment #3
In the third experiment, we perform a multi-resolution analysis. Table 7 shows the accuracies in classifying the 30 different classes by using some combinations of descriptor at different resolutions.
In the same way as in Experiment #2, the concatenated LBP NI + RD at (1,42)+(2,92) with V = 4 presents the best score of 95.9 %. The joint NI/RD at (1,42)+(2,92) follows with 95.5 % and 95.6 % accuracies with V = 3 and V = 4 respectively. Overall, the combination of multiple descriptors at different spatial resolutions leads to better results but by a small amount. The descriptors at (1,42) and (2,92) demonstrate very good classification accuracies whereas the descriptors at (3,252) tends to decrease the overall performance of the strongest LBPs in this dataset. The major drawback of the multiresolution approach is the size of the resulting histograms. Joint combinations of histograms cause higher numerical costs, however, as we have seen before, the simple concatenation produces satisfying results that may be more beneficial when fast calculations are required. Also here, increasing the number of regions V from three to four have not produced evident improvements.
Experiment #4
In the fourth experiment we exploit the characteristics of our 3D local binary patterns to solve a real-world problem.
In medical environments, advanced magnetic resonance imaging (MRI) techniques can be used to improve understanding of brain injuries. Susceptibility-weighted imaging (SWI) is an MRI technique highly sensitive to magnetic susceptibility differences between tissues and oxygenated/deoxygenated blood. Such imaging method is suitable for texture analysis methods, however, one main issue of SWI is the level of oxygen which has the effect of intensifying how veins and tissues appear. In this experiment we aim to distinguish the oxygenated images (patients who are given oxygen during the MRI acquisition) from the non-oxygenated ones using our extended 3D descriptors.
Our clinical dataset collected as a part of a clinical study (NRES Committee London -City & East; 13/LO/1948) , is a set of three-dimensional SW images of newborns affected by the hypoxic-ischemic encephalopathy (HIE). This dataset is composed of 17 patients where 7 are affected by HIE, and 10 for which there was no clinical evidence for HIE. The oxygenated samples are 10 out of 17 where the presence of HIE is evenly distributed in both classes. We assume that the textures in our medical data to be approximately isotropic. The size of the images for this dataset are within 256Hx176Wx48D and 256Hx256Wx64D voxels. Figure 8 shows some example images from our set of three-dimensional scans.
We convert all the images in the dataset using different extended 3D LBP and we extract a histogram of LBP codes for each patient. These histograms are then introduced in a simple learning machine (classifier) to emphasize the discriminatory power of our descriptors. One can argue that a simple comparison of histograms derived from the grey-scale voxels are enough to distinguish the two categories. In fact, this method has a near zero discriminatory power because it discards the interaction between voxels and it is highly sensitive to uneven intensity variations.
A K-nearest-neighbours classifier (L1 metric) is employed here with k = 3 in order to reduce a possible overfitting due to the small number of samples in our dataset. The descriptors employed here are the NI − LBP at different resolutions, the RD − LBP, the joint NI/RD/CI − LBP and the concatenated NI + RD + CI −
LBP.
The classification accuracies presented in Table 8 demonstrate that a difference in the texture between oxygenated and non-oxygenated MR images exist, especially by employing our NI − LBP riu3g at the spatial resolution of (1, 42) . This descriptor can extract salient information from the interaction of the pixels/voxels in a more accurate way than what human perception can do.
Conclusion
This paper proposes a new set of three-dimensional fully rotation invariant texture descriptors exploiting existing features developed for two-dimensional LBP (Liu et al., 2012 ) and a three-dimensional rotation invariant LBP (Paulhac et al., 2008) . Among the descriptors proposed here, the NI − LBP riuVg R,P demonstrate an excellent discriminatory power on a dataset of synthetic textures followed by the RD − LBP riuVg R,P . In the experiments we confirm the utility of adding a third dimension to local binary patterns as demonstrated by Paulhac et al. (2008) . We show also that a combination of local binary patterns in various scales leads in most cases to better results. Furthermore, in our experiments we demonstrate that joint combinations of histograms and simple concatenations lead to nearly similar results, however, in the second case, the shorter histograms are more efficient in applications where fast computations are required.
